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Abstract 1 
Changes in structure and functioning of tree communities in response to forest fragmentation 2 
may alter tropical forest’s capacity to store carbon and regulate climate. However, evidence for 3 
indirect effects of forest fragmentation on above - and belowground carbon pools through 4 
changes in forest biodiversity is scarce. Here we focus on understanding the relative importance 5 
of taxonomic and functional diversity and tree cover to explain above- and below-ground 6 
carbon stocks in coastal dune forest fragments. We surveyed tree species composition and 7 
structure in six coastal forest patches varying in size from 215 to 13350 ha, in Kwa-Zulu Natal, 8 
South Africa. For each fragment, we estimated carbon stocks of two pools, aboveground 9 
biomass (AGC) and soil organic carbon (SOC). We used structural equation models to test if 10 
and to what extent the effects of forest fragmentation on AGC and SOC were mediated by tree 11 
cover and taxonomic and functional diversity. Our results showed that forest fragmentation 12 
directly reduced AGC, but increased SOC. In contrast, forest fragmentation indirectly, through 13 
decreasing functional diversity, increased AGC, but decreased SOC. Small patches therefore 14 
had few tree species that were functional similar and had high AGC, but low SOC, which led 15 
to a negative relationship between species richness and AGC. Tree cover was not affected by 16 
fragmentation, and had a direct positive effect on AGC but not on SOC. Our results suggest 17 
that forest fragmentation simultaneously affect multiple processes which directly and indirectly 18 
affects carbon stocks of different pools. Fragmentation may trigger a process of biotic 19 
homogenization, in which a few species are positively related with carbon storage above-, but 20 
not below-ground. 21 
 22 
Keywords: biodiversity homogenization; carbon sequestration; fragmented landscapes; 23 
functional traits; piecewise structural equation models  24 
1. Introduction 25 
    
2 
Deforestation, forest fragmentation and degradation threaten biodiversity and affect 26 
ecological functions (Barlow et al., 2016; Haddad et al., 2015; Lewis et al., 2015). Following 27 
habitat loss and fragmentation, species richness generally decreases, while assemblages 28 
become less even and more structurally homogenous (Collins et al., 2017). Such changes in 29 
biological diversity often reduce ecological functions (Isbell et al., 2011; Liang et al., 2016). 30 
For example, the loss of biodiversity has a strong negative effect on above ground carbon 31 
storage, not only in simple temperate systems, but also in structurally diverse and complex 32 
tropical forests (Poorter et al., 2015). However, other components of the carbon cycle, such as 33 
soil carbon stocks, may increase following fragmentation (Barros and Fearnside, 2016). Higher 34 
rates of tree mortality, as well as changes in vegetation structure, composition, and function 35 
could boost decomposition of organic matter, thereby transferring carbon to the soil 36 
compartment and increasing soil carbon stocks (Laurance et al., 2011). Such increases in soil 37 
carbon following fragmentation could offset above-ground carbon losses - however if, and how 38 
this happens remains unclear.   39 
The majority of studies investigating fragmentation impacts on forest carbon stocks 40 
have focussed on carbon stored aboveground in living trees. The soil organic carbon stock, 41 
which has been estimated to contribute between 36-60 % of total carbon stocks in the tropics 42 
(Dixon et al., 1994; FAO, 2010; Malhi et al., 1999), has remained understudied in comparison. 43 
In particular, linkages between soil carbon stocks and tree functional diversity remain an 44 
important knowledge gap, even though plant species diversity has been directly linked to soil 45 
carbon (Lange et al., 2015). Plant traits, such as whole plant structure or the partitioning of 46 
biomass among plant organs, control carbon inputs into soil through primary productivity and 47 
belowground carbon allocation, while other traits, such as growth rate, control carbon loss from 48 
soil through respiration and volatilization of organic compounds (De Deyn et al., 2008). This 49 
dependencies suggests that changes in the functional composition of tree communities after 50 
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fragmentation can simultaneously mediate above- and below-ground carbon stocks. 51 
Tree communities along forest edges often resemble disturbed communities with low 52 
functional diversity (Laurance et al. 2011). In these systems, pioneer tree species and lianas 53 
benefit from the creation of more open canopies whilst mature trees, typical of closed forest 54 
canopies, suffer greater mortalities due to unfavourable micro-climatic conditions (Laurance 55 
et al. 2011). Such compositional changes in the tree community can boost soil carbon because 56 
of increased litter inputs and decomposition rates (e.g. Barros and Fearnside 2016; but see 57 
Laurance et al. 2011). Conversely, such changes can reduce the above-ground component of 58 
carbon storage (Magnago et al., 2017). Pioneers are typically soft-wooded species that share 59 
traits that maximize growth rates at the expense of survival. Along forest edges, these species 60 
may form homogenous communities with a reduced trait space (Rolo et al., 2016) and 61 
decreased above-ground carbon storage potential (Magnago et al. 2017). Moreover, because 62 
mature trees store the vast majority of carbon in tropical forests (Bastin et al., 2015), their 63 
disappearance along forest edges can reduce above-ground carbon storage. Forest 64 
fragmentation, through its impacts on functional composition, may thus lead to the decoupling 65 
of above- and below-ground carbon storage potential of tree species communities – however, 66 
this idea remains largely untested. 67 
In this study, we investigate the effects of fragmentation on above- and below-ground 68 
carbon stocks in sub-tropical coastal forests in South Africa. This system, a centre of plant 69 
endemism (Wyk and Wyk, 2013), have suffered an extensive reduction in area during the last 70 
decades (Olivier et al., 2013). We were particularly interested in the relative importance of 71 
functional composition, forest structure and environmental attributes as drivers of carbon 72 
stocks in forest fragments. This assessment often requires the inference of the relative 73 
importance of direct and indirect effects that link the multiple processes underlying carbon 74 
storage. The relative importance of different mechanisms underlying ecosystem processes can 75 
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be inferred using piecewise structural equation models (SEM; Lefcheck, 2016). We used SEMs 76 
to answer three questions: 1) How does fragmentation affect forest structure, taxonomic and 77 
functional diversity? 2) How does changes in structure, taxonomic and functional diversity 78 
affect above- and below-ground carbon stocks? and 3) What is the role of functional diversity 79 
in above- and below-ground carbon storage? We expect that fragmentation will decrease 80 
taxonomic and functional diversity and that this decrease will reduce the ability of coastal 81 
forests to store carbon above- but not below-ground.  82 
 83 
2. Material and Methods 84 
2.1. Study area 85 
Coastal dune forests in South Africa covers approximately 160 km2 and represent the 86 
southernmost tip of the East African Tropical Coastal Forest ecoregion, which extends 87 
northward to the southern Somalian coast (Burgess and Clarke, 2000). Dune forests here form 88 
part of the Indian Ocean Coastal Belt Forests, which also include other forests such as coastal 89 
lowland, riparian sand and swamp forests. Although these different forest types share a number 90 
of species, they also differ from dune forests and each other in species composition, recruitment 91 
and regeneration patterns and evolutionary history (van Aarde et al., 2014). Dune forests 92 
established on porous and leached sand deposits left by a regressing Indian Ocean during the 93 
end of the last glacial period 8000 to 10000 years ago and are disturbance prone, both through 94 
natural and human causes (Eeley et al., 1999; Nzunda et al., 2007). In South Africa, coastal 95 
dune forests form part of a biodiversity hotspot (Küper et al., 2004) as well as two critically 96 
endangered eco-regions (Burgess et al., 2004), and harbour several species of conservation 97 
concern (van Aarde et al., 2014). These include plants (e.g. Ceropegia arenaria, Pristimera 98 
delagoensis, Warburgia salutaris), mammals (e.g. Samango monkey Cercopethicus mitis 99 
erythrarchus and forest shrew Myosorex sclateri), birds (e.g. spotted ground thrush (Zoothera 100 
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guttata) and amphibians (e.g. Pickersgill’s reed frog (Hyperolius pickersgilli). They may also 101 
harbour an extinction debt incurred from recent forest losses (Olivier et al., 2013). 102 
 103 
We surveyed six coastal dune forest fragments (size range 215 – 13349 ha) along 300 104 
km of coastline that stretched from Lake Kosi in the north (27°01´S, 32°51´E), to the mouth of 105 
the Tugela river in the south (29°14´S, 31°28´E). A mix of human (e.g. sugarcane, Eucalyptus 106 
and Pine plantations, rural settlements) and natural (grasslands and woodlands) land uses adjoin 107 
these forests in the west, while the Indian Ocean adjoins the forests in the east (Fig. 1). The 108 
climate of the area is subtropical with average annual rainfall ~ 1200 mm (Richards Bay 109 
weather station). The soils belongs to the Namib Soil Formation and are composed of regic 110 
sand with a thick layer of litter on an orthic A horizon (Rooyen et al., 2013).   111 
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 112 
Figure 1. Coastal dune forest fragments delineations. Red colours depict forest 113 
fragments included in this study from Lake Kosi in the north, to the mouth of the Tugela river 114 
in the south. Insets depict studied fragments (red) and surrounding forest fragments (grey) in 115 
detail. Names of fragments follow the notation of Table 1. 116 
 117 
2.2. Data collection 118 
To quantify tree species composition, we surveyed trees in 49 plots of 16 m x 16 m 119 
distributed randomly across the six forest fragments between August and October of 2012. 120 
Plots were distributed based on the fractal sampling design of (Marsh and Ewers, 2013). Each 121 
fractal comprised three plots, of which the first plot were located at the forest edge, the second 122 
plot in the forest interior and the last plot located at the ‘ocean-forest edge’. Plots were at least 123 
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560m apart. This design allowed us to sample across the gradient of different conditions 124 
typically found in coastal dune forests. The number of plots per fragment ranged from four in 125 
the smallest- to 12 in the largest fragment (TUG = 4; UMT = 6, SOK = 9; ISI = 12; SDW = 6; 126 
KOS = 12). We recorded and identified all woody individuals taller than 30 cm in each plot 127 
and measured the diameter at breast height (DBH) of all individuals higher than 1.7 m. For 128 
individuals with DBH higher than one cm we recorded if they had more than one stem 129 
originating at the base (multi-stemming) and its maximum height, recorded as a categorical 130 
factor in steps of two meters. Height values were always estimated by the same surveyor. 131 
Estimations were validated by measuring actual tree height with a clinometer (Suunto Height 132 
Meter PM-5/1520) in a selection of individuals across size classes (CERU unpublished results). 133 
 134 
In June 2015, we revisited each plot to quantify forest canopy structure. We acquired 135 
12 to 13 hemispherical photographs per plot using a standardised sampling design (Pfeifer et 136 
al., 2012). Images were taken with a Canon 6D camera (Canon Inc. Tokyo, Japan) mounted on 137 
a 1m tripod (Benro, KB1, USA) and fitted with a Canon 8-14mm lens (Canon Inc. Tokyo, 138 
Japan). We pre-processed hemispherical images (blue band extraction and thresholding to 139 
create binary images showing vegetation and non-vegetation) using an in-house developed 140 
Matlab-based algorithm and subsequently derived canopy structure attributes, including tree 141 
cover, using the freeware canopy image analysis software CAN-EYE v 6.3.8 (Weiss & Baret, 142 
2010). We also took four soil cores per plot, one in each quarter of the plot. Soil cores were 143 
aggregated for each plot prior to analyses. The depth of soil cores was ~30 cm deep, the 144 
minimum soil depth proposed by (Penman et al., 2003) to report soil organic carbon in mineral 145 
forest soil. We took additional soil samples of known volume to calculate soil bulk density. 146 
 147 
2.3. Aboveground and soil carbon stocks 148 
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Above-ground biomass (AGB) was derived for each tree with DBH > 5 cm using an 149 
improved pan-tropical allometric equation (Chave et al., 2014).We used the allometric equation 150 
that included DBH, wood density and height. 151 
AGB (kg) = 0.0673·(ρ·D2·H)0.976 152 
Where ρ is wood density (g cm-3), D is DBH (cm) and H is height (m). We used height 153 
values estimated in the field. Wood density values were collated from the literature (see below). 154 
We applied a factor of 0.47 (Martin and Thomas, 2011) to convert tree biomass into 155 
aboveground carbon (AGC). We summed across trees to obtain aboveground carbon stocks 156 
(Mg C ha−1) per plot. 157 
We oven-dried soil samples at 65 °C for 48 h and separated large roots (> 2 mm) 158 
manually. Then we sieved samples through a 2-mm mesh, and, ground on a mortar if necessary, 159 
to pass through a 250-μm mesh. We determined the organic carbon content by means of the 160 
Walkley-Black wet chemical oxidation method (Nelson and Sommers, 1982) and computed 161 
soil organic carbon stock using the following equation: 162 
 163 
SOC (Mg C ha−1) = soil depth (cm)·bulk density (g/cm3)·carbon content (decimal)·100 164 
 165 
2.4. Landscape metrics 166 
To characterize the landscape context of each sampling point, we calculated a series of 167 
landscape metrics that have been commonly used as surrogates of landscape fragmentation 168 
(Schindler et al., 2013). We measured the total amount of forest area, the total amount of edge 169 
and the edge density in a buffer of 1 km surrounding each sampling point. The scale at which 170 
landscape metrics are computed can influence inferences that do not necessarily reflect the 171 
"true scale of effect" (sensu Jackson and Fahrig, 2015). However, previous studies in the region 172 
have shown that landscape properties in a buffer of 1 km are a good predictor of tree species 173 
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richness (Olivier and van Aarde, 2017). 174 
 175 
2.5. Topographic Wetness Index 176 
The Topographic Wetness Index (TWI) has been shown to be a good predictor of tree 177 
species occurrence (e.g. Quercus spp. Petroselli et al., 2013) and could be especially important 178 
in dune forests given the variable topography underlying the distribution of these forests and 179 
the limited differences in climate across the study landscape (Mucina et al., 2006). We 180 
computed TWI based on a digital elevation model at 30 m resolution from ASTER GDEM. 181 
This index quantifies the capacity of an area to accumulate water. Low values are typical of 182 
steep areas and indicate low water accumulation capacity, whereas high values are typically 183 
from flat areas that are prone to accumulate water. TWI was calculated for each pixel as: 184 
TWI=ln(As/β) 185 
where As is the drainage area (m2) and β is the slope in radians (Beven and Kirkby, 1979).  186 
 187 
2.6. Functional traits of tree species 188 
We compiled data on four functional traits (specific leaf area, wood density, maximum 189 
plant height and resprouting ability) shown to be related to aboveground biomass and nutrient 190 
cycling (Finegan et al., 2015; Lavorel et al., 2007). These functional traits belongs to different 191 
components of the economic spectrum of plants and life history strategies (Díaz et al., 2016). 192 
Specific leave area (SLA, cm2/ g) is associated with the leaf economic spectrum and relates to 193 
the plant's ability to acquire and use nutrients (Wright et al., 2004). It ranges from "exploitative" 194 
plants with fast nutrient acquisition and turnover (high SLA), to "conservative" plants with 195 
thicker leaves and slower growth (Wright et al., 2004). Wood density (WD) is part of the stem 196 
economic spectrum and co-varies with other hydraulic traits. High values of wood density 197 
indicate low growth rates, high stress tolerance to shade, wind, drought and herbivores (Chave 198 
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et al., 2009; Wright et al., 2010). Maximum plant height (Hmax) belongs to one major dimension 199 
of the global economic spectrum of plants, tree size, (Díaz et al., 2016; Gleason et al., 2017) 200 
and is related to resource availability, especially light, and competitive environments, with high 201 
values indicating competitive advantages through prior access to light (Westoby et al., 2002). 202 
Resprouting ability (RA) is related to the capacity of an individual to resprout after a 203 
disturbance. Resprouting species are frequent in coastal dune forest because of chronic low-204 
severity disturbances (Nzunda et al., 2007) which could be worsened by the presence of edges. 205 
Resprouting species have different patterns of biomass allocation among organs (Nzunda et al., 206 
2008) which can potentially affect primary productivity and carbon stocks (Lavorel and 207 
Garnier, 2002). These traits have been related to net primary productivity, standing biomass, 208 
and carbon stocks (Lavorel et al., 2007; Lavorel and Garnier, 2002). RA was computed as the 209 
frequency of multi-stemmed individuals of a given species (Nzunda et al., 2007). Hmax values 210 
were collected from (Germishuizen et al., 2003). SLA, WD trait data (83 %) were gathered 211 
from Rolo et al. (2016), who also sampled coastal dune forest, including one fragment surveyed 212 
in this study. WD values not included in Rolo et al. (2016) (6%) were extracted from a global 213 
wood density database (Zanne et al., 2009). When a given species was not present in Zanne et 214 
al. (2009), we took the mean of the genus. Aggregated trait values from regional databases 215 
could be poor indicators of functional diversity at finer spatial scales (i.e. community level). 216 
We assume that this effect was not a major drawback in our analysis as we mostly focused on 217 
the linkages between functional diversity and ecosystem functions (Cordlandwehr et al., 2013).  218 
The rest of the missing values of SLA (9%) and WD (3%) were estimated by means of 219 
dissimilarity imputation (Taugourdeau et al., 2014). This method uses the functional proximity 220 
between species to calculate new data and has been shown to be a robust option for computing 221 
functional diversity indices in data sets that have a maximum of 30% missing values 222 
(Taugourdeau et al. 2014). 223 
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 224 
2.7. Community weighted mean trait value and functional dispersion 225 
For each trait, we calculated community-level weighted mean values (CWM) to 226 
describe the dominant trait value per plot. This metric was calculated as: 227 
CWM =  ∑ pi traiti
n
i=1
 228 
where pi and traiti are the relative abundance and the trait value for species i, respectively, and 229 
n is the total number of species. This index estimates the most probable attribute that a species 230 
drawn at random from a community would display (Swenson, 2014). Additionally, to describe 231 
the distribution of the trait space at the plot level, we computed functional dispersion values 232 
(FD; Laliberté and Legendre, 2010). This metric is the mean distance in multi-dimensional 233 
space of individual species to the centroid of all species present and describes if a community 234 
shows convergent or divergent trait values. We computed both functional diversity indices 235 
weighing abundance by the number of individuals. All functional trait values were centered 236 
and scaled (z-score). 237 
 238 
2.8. Rarefied species richness and functional diversity 239 
To compare the number of species among patches that differed in sampling effort due 240 
to their different areas, we computed rarefied species richness based on Hill numbers (Chao et 241 
al., 2014). Similarly, to control for the variation of individuals and species richness among 242 
patches, we rarefied functional dispersion following Whitfeld et al. (2014). We created rarefied 243 
assemblages with 5, 20, 35, 50, 65, 80, 100, 140, 180, 225 individuals, and generated 50 random 244 
assemblages using rarefaction in the 'vegan' package in R (Oksanen et al., 2016). For each 245 
iteration, we permuted the randomly generated assemblage another 50 times, keeping species 246 
richness constant. This generated a null model from which we calculated a standardized effect 247 
    
12 
size using the following equation: 248 
SES= 
(Observed-Null)
SD (Null)
 249 
Where Observed is the functional dispersion value of each rarefied assemblage and Null is the 250 
functional dispersion value of the null distribution of the rarefied assemblage. We then 251 
calculated the average SES values of the 50 rarefied assemblages per level of rarefaction and 252 
computed 95 % confidence intervals by bootstrapping (Smith and van Belle, 1984). By 253 
calculating SES values, we can directly compare if the functional dispersion of a given 254 
community is different than expected by chance (Swenson 2014). Thus, an SES value that is 255 
significantly lower than zero indicates a lower than average expected value in a random 256 
community (trait value convergence, i.e. environmental filtering), or vice versa. We considered 257 
that SES values are significant when their 95 % CIs did not include zero.  258 
 259 
2.9. Structural Equation Models (SEMs) 260 
We used SEMs to test for the direct and indirect effects of landscape metrics, TWI, 261 
taxonomic and functional diversity, and forest structure on AGC and SOC (Fig. 2). We repeated 262 
this procedure in a series of SEMs that were structurally the same but included different 263 
functional diversity indices (SES FD or CWM of SLA, WD, Hmax and RA). We constructed 264 
separate models for AGC and SOC. Our conceptual model is based on previous studies that 265 
have reported direct and indirect effects of biodiversity, landscape and abiotic metrics on forest 266 
carbon pools (Andivia et al., 2016; Magnago et al., 2017; Poorter et al., 2015). We used 267 
piecewiseSEM to test the validity of our conceptual model (Lefcheck, 2016). PiecewiseSEM 268 
allows fitting (generalized) linear mixed models and can account for hierarchy in the data by 269 
incorporating random effects to test a single conceptual model. The overall fit of the models 270 
was assessed using Shipley's test of d-separation which is accepted when χ2-test of Fisher's C 271 
statistic is higher than a significance level (p < 0.05). Accepted models were then compared 272 
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using the second-order Akaike's information criterion (AICc) for small sample size. We fitted 273 
the component models of the piecewiseSEM as linear models including patch as a random 274 
effect. To reduce the dimensionality of the landscape metrics and avoid collinearity, we run a 275 
principal component analysis and kept the first component as a surrogate of landscape metrics 276 
(Fig. A1). The first component explained 57 % of the variance and was positively related to 277 
edge density (r = 0.46) and negatively related to total amount of forest area and total amount 278 
of edges (r = -0.75 and r = -0.46, respectively). We report the standardize path coefficient of 279 
each significant link to allow comparisons across variables of varying units. Standardize path 280 
coefficients can be interpreted as the expected change in the response variable (e.g. AGC) as a 281 
function of the change in the predictor (e.g. fragmentation), in standard deviation units (Grace, 282 
2006). We also report the conditional R2 values of response variables (i.e. variance explained 283 
by fixed and random effects). All statistical analysis were performed using R version 3.2.5 (R 284 
Core Team, 2016). 285 
 286 
 287 
Figure 2. Conceptual model depicting how fragmentation and environmental attributes 288 
relates to taxonomic and functional diversity and forest structure, and how all of them relates 289 
to carbon stocks. To test the conceptual model, we used the total amount of forest area, the 290 
total amount of edge and the edge density as surrogates of forest fragmentation (landscape), 291 
topographic wetness index (abiotic factors), species richness and functional dispersion or 292 
community weighted means (diversity), tree cover (forest structure) and above- and below-293 
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ground carbon stocks (carbon). See methods for details. 294 
 295 
3. Results 296 
3.1. Biodiversity and landscape metrics 297 
Landscape metrics differed among the six forest fragments (Table 1). The two southern 298 
fragments (TUG and UMT) were small, had high edge:area ratios, high edge density, and were 299 
surrounded by a number of small fragments, which added up to low total amounts of forest 300 
cover in the landscape. Three other fragments were medium sized, with intermediate values of 301 
edge:area ratios and edge densities. Forest cover around these three fragments was ~ 20 %. The 302 
sixth and largest forest fragment, located within the iSimangaliso Wetland Park (i.e. ISI), was 303 
surrounded by ~ 20% forest cover, and was nearly three times the size of the second largest 304 
fragment, and had the lowest edge: area ratio and edge density.  305 
 306 
Table 1. Patch size and edge area ratio of each forest fragment. The rest of landscape metrics 307 
were computed in a buffer of 10 km around each forest fragment. 308 
Patch 
name 
Patch 
Size (ha) 
Edge:Area 
(m/ha) 
Forest % 
Number 
Patches/ha 
Mean Patch 
size (ha ± SE) 
Edge density 
(m/ha) 
ISI 13349 13.90 0.18 2.50 7.35 ± 5.5 18.31 
KOT 4530 22.42 0.21 7.37 2.82 ± 2.1 35.10 
SOK 2614 14.48 0.20 7.44 2.68 ± 1.5 30.79 
SDW 1705 23.32 0.19 5.45 3.54 ± 2.3 25.90 
UMT 769 42.16 0.13 7.91 1.62 ± 0.6 31.96 
TUG 215 33.92 0.09 9.54 0.96 ± 0.4 32.79 
 309 
Fragment-level species richness varied with landscape metrics (Fig. 3). When 310 
controlling for the number of individuals, forest fragments clustered in two distinctive groups, 311 
with the lowest values of species richness in the two small southern fragments, and the highest 312 
values in the largest. The remaining forest fragment had intermediate species richness values 313 
(Fig. 3). The smallest forest fragment had a significantly lower functional dispersion values 314 
than expected by chance (Fig. 3). Despite the differences in number of species, functional 315 
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dispersion values of the large fragments was lower than expected by chance or did not differ 316 
from a random community, suggesting that standardized effect size values of functional 317 
dispersion and species richness patterns were decoupled across forest fragments. For example, 318 
the second largest forest fragment (SDW) featured low standardized effect size values of 319 
functional dispersion (similar to the second smallest fragment UMT) but high species richness 320 
(similar to the smallest fragment ISI). Only the third largest forest fragment (SOK) had a 321 
functional dispersion values wider than expected by chance (Fig. 3). 322 
 323 
Figure 3. Rarefied species richness and functional diversity ± 95 % confidence intervals 324 
among remnant forest fragments across a gradient of fragmentation, from small (TUG) to large 325 
(ISI) fragments. See Table 1 for differences in landscape metrics among forest fragments. 326 
Functional diversity represents the standardize effect size of functional dispersion (SES FD) as 327 
compared to a random community. Values are compared among fragment at a similar number 328 
of individuals. 329 
 330 
3.2. Determinants of forest carbon stocks 331 
SEMs explained 81 % of the variation in AGC (C12 = 14.3, p = 0.284) and 39 % of the 332 
variation in SOC (C8 = 31.3, p = 0.913) (Fig. 4). The lack of significance indicates that the 333 
models fit the data well, particularly for SOC. Tree cover directly increased AGC (0.35 SD, p 334 
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< 0.001), but had no significant effect on SOC. Topography (TWI) was negatively related to 335 
tree cover (-0.33 SD, p = 0.008; R2=0.28), and SOC (-0.31 SD, p = 0.021), and indirectly 336 
affected AGC (-0.13 SD).  337 
Edges had a direct negative effect on AGC (-0.17, p < 0.001), but a direct positive effect 338 
on SOC (0.31, p = 0.048). Edges also had contrasting indirect effects on AGC and SOC 339 
mediated by standardized effect size values of functional dispersion. Edges had a positive 340 
indirect effect on AGC (0.11 SD), but a negative indirect effect on SOC (0.08 SD). When 341 
summing the direct and indirect effects, the total effect of edge on AGC was negative, i.e. edges 342 
decreased AGC, while the total effect of edge on SOC was positive, i.e. edges increased SOC. 343 
 344 
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 345 
Figure 4. Final parsimonious SEM depicting direct and indirect links, through 346 
biodiversity and forest structure, between forest fragmentation and local environment and a) 347 
above-ground (AGC) and b) soil (SOC) carbon stocks. Only significant paths are depicted. 348 
Broken paths depict negative and solid positive links among variables. Topography depicts 349 
terrain wetness index and fragmentation depict the first component of a principal component 350 
analysis of landscape metrics as a surrogate of forest fragmentation. 351 
 352 
Edges also had a direct negative effect on standardized effect size values of functional 353 
dispersion (-0.37, p = 0.011, R2 =0.17) – i.e. edges led to the narrowing of the functional trait 354 
space. However, functional dispersion had contrasting effects on carbon storage by negatively 355 
affecting AGC, while positively affecting SOC. A wide trait space was related to lower AGC, 356 
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but higher SOC and vice versa. This finding was confirmed by the direct negative effect of 357 
species richness on AGC (-0.41, p < 0.001) – where species richness was high, AGC was low. 358 
Species richness had, however, no effect on SOC.  359 
Explorations of the effect of edges on community-level weighted mean values differed 360 
from the effect on functional dispersion, only community-level weighted mean values of 361 
specific leaf area showed a similar response (Fig 5). Particularly, edges reduced community-362 
level weighted mean values of specific leaf area, but they increased community-level weighted 363 
mean values of resprouting ability. For the rest of the metrics, edges did not affect community-364 
level weighted mean values of wood density and maximum height.  365 
 366 
 367 
Figure 5. Standardize regression coefficients derived from SEMs ± 95 % confidence 368 
intervals (1.96SE) of the effect of fragmentation on CWM of specific leaf area (SLA), wood 369 
density (WD), maximum height (Hmax) and resprouting ability (RA). Filled points depict a 370 
significant effect of fragmentation (p < 0.05). The vertical line represents the coefficient of 371 
standardize effect size of functional dispersion (SES FD) as included in the final SEMs and ± 372 
95 % confidence intervals (shaded rectangle). 373 
 374 
4. Discussion 375 
We show that the effect of fragmentation on tropical forests’ capacity to store carbon 376 
    
19 
is dependent on the carbon pool considered and partly mediated by functional diversity. Forest 377 
fragmentation directly reduced AGC but increased SOC. Conversely, indirect effects of 378 
fragmentation on carbon storage showed that tree communities exposed to strong edge effects 379 
had a reduced trait space with high levels of AGC but low levels of SOC. These contrasting 380 
findings suggest that forest fragmentation simultaneously affects multiple properties of forests 381 
(e.g. structure, function and composition), and consequently ecosystem function. It also 382 
highlights the difficulty of simultaneously assessing the consequences of diversity loss on 383 
different carbon pools. 384 
An increase in tree mortality and the subsequent proliferation of pioneer species in 385 
edge-affected vegetation may explain observed differences between direct and indirect effects 386 
of fragmentation on carbon stocks. The mortality of large trees is greater near forest edges than 387 
in forest interiors (Laurance et al., 2000), which should disproportionally reduce AGC stores 388 
at edges. This would explain the direct negative relationship between edge effects and AGC. 389 
However, at the same time, pioneers may benefit from the altered abiotic conditions and the 390 
demise of large trees that open gaps in the canopy in edge-affected vegetation (Magnago et al., 391 
2017). A likely increase in pioneers is further corroborated by the changes in community-level 392 
weighted mean values in edge affected communities. The reduction in community-level 393 
weighted mean values of specific leaf area and the increased in resprouting ability indicates 394 
that species with high growth rates and resistant to disturbance are common in edge affected 395 
tree communities (Nzunda et al., 2007; Poorter and Bongers, 2006). In this communities a 396 
positive relationship between a reduced trait space and above-ground carbon would be likely. 397 
In other words, the filtering effect induced by edges will promote the establishment of 398 
communities with few species where above-ground carbon is determined by fast growing 399 
strategies. However, at the patch level, the low carbon residence times of fast growing species 400 
can negatively affect whole-forest carbon storage in the biomass (Galbraith et al., 2013; 401 
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Schnitzer et al., 2014). These findings supports the idea of a ‘retrogressive effect’ of 402 
fragmentation (Ewers et al., 2017), where structurally and biologically complex forests are 403 
reduced to a homogeneous and simplified state, as in early successional stages (Pütz et al., 404 
2011). Such a scenario would resemble a situation where the relationship between species 405 
richness and productivity is likely to be negative (Mouquet et al., 2002). 406 
Our findings suggest that fragmentation promotes the transfer of carbon from the 407 
above- to the below-ground compartment. The increase of soil organic carbon in small, edge 408 
affected patches could be explained by the high litter inputs and decomposition rates at forest 409 
edges (Barros & Fearnside 2016). Decomposition rates can also be accelerated due to the 410 
presence of pioneers with soft wood, thinner stems, and fast demographic rates, transferring 411 
carbon rapidly from the necromass to the soil compartment (Nascimento and Laurance, 2004). 412 
Given that the stability of carbon stocks after a disturbance is higher in the mineral soil than in 413 
the biomass (Kauffman et al., 2009), the transfer of carbon from the above- to the below-ground 414 
compartment might be seen as a positive effect of landscape fragmentation. However, only a 415 
small fraction of the dead biomass is ultimately transferred to the mineral soil (Rice et al., 416 
2004). Moreover, the accumulation of dead biomass increases respiration rates, which result in 417 
net carbon losses (Rice et al. 2004). Indeed, (Brinck et al., 2017) estimate that forest edges 418 
could be responsible for an additional 10.3 Gt of carbon emissions per year. 419 
Similar to the indirect effect of fragmentation on above-ground carbon, the indirect 420 
effect of fragmentation on soil organic carbon had an opposite direction than its direct effect. 421 
This suggests that edge-affected communities with a reduced trait space had more carbon stored 422 
in the above-ground biomass than in the soil. A reduction in soil organic carbon may be caused 423 
by a decrease in litter inputs or decomposition rates or an increased respiration. Yet, the 424 
multiple contrasting effects of fragmentation we recorded on the different carbon pools 425 
suggests that local communities could exhibit a continuum of responses to fragmentation and 426 
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specifically forest edges. The direct effect of fragmentation could be regarded as a first 427 
response where mortality is the main driver of changes in species composition and ecosystem 428 
functions. The indirect effects will become apparent when pioneers replaced forest specialists 429 
and are now the dominant group in the community. Change in abiotic conditions can be the 430 
underlying driver of both processes that could be operating simultaneously. Indeed, the lower 431 
support for models including community-level weighted mean values indicates that the most 432 
abundant species still does not dominate ecosystem functions. Carbon stocks may rather be 433 
influenced by the combined effect of environmental filtering and the presence of relict 434 
individuals resistant to changes in the biophysical environment. 435 
The minor effects of environmental and structural variables on carbon stocks indicate 436 
that, in coastal forests, changes in species composition following fragmentation is the main 437 
driver of changes in ecosystem functions. In agreement with previous studies, we observed that 438 
tree cover was an important predictor of above-ground carbon (Bohn and Huth, 2017; Poorter 439 
et al., 2015). However, its relative effect was similar to that of species richness and functional 440 
diversity. Moreover, it was not related to soil organic carbon that was directly affected by 441 
topography. These results suggest that the effect of structure was controlled to a higher extent 442 
by the physical configuration of the local environment than by the presence of edges. 443 
Environmental policies that aim to promote carbon storage while preserving 444 
biodiversity, such as the REDD+, are based on results drawn from non-degraded forests where 445 
positive relationship between biodiversity and carbon storage are common (e.g. Liang et al., 446 
2016; Poorter et al., 2015). However, our study shows that, for coastal dune forest, landscape 447 
fragmentation may have led to the opposite pattern, where few species increase carbon storage 448 
and promoted a trade-off between different compartments of the carbon cycle. This likely 449 
happened because fragmentation triggered the biotic homogenization of coastal forest tree 450 
communities. Niche complementarity has been suggested as a key property underpinning 451 
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positive biodiversity-ecosystem function relationships (Isbell et al., 2011). However, if 452 
fragmentation leads to the dissapearance of large trees, coupled with the development of even 453 
cohorts of functionally similar pioneers, then negative biodiversity-ecosystem function 454 
relationships are likely to emerge. Given that human pressure is increasing on forests 455 
worldwide, this may have important consequences for management efforts based on win-win 456 
situations between biodiversity conservation and carbon storage.  457 
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